This paper examines the relationship between oil prices and stock market anomalies in China, the largest oil importer country in the world. Prior literature documents both a positive and negative relationship between oil prices and the stock market. The explanation of a positive relationship is supported by the argument that rising oil prices are interpreted as a positive signal by investors. Consequently, rising oil prices lead stock prices above their fundamental values and that they subsequently correct. Therefore, we hypothesise that stock market anomalies are stronger following rising oil prices since returns associated with anomalies reflect mispricing. The results, consistent with the hypothesis, show stronger return predictability for individual anomalies following an increase in oil prices than for a decrease in oil prices. The results are even stronger once we construct a mispricing score based on composite mispricing of all the anomalies. JEL Classification Code: G14, G15, Q43
Introduction
"Falling oil prices can be interpreted by investors as bad news, as they expect falling economic activity, and rising oil prices can be seen as a good signal of a prospering economy. That is, the oil price changes positively influence stock returns through investor expectations." (You, Guo, Zhu and Tang, 2017, p. 11) Several studies have examined the relationship between the crude oil prices and aggregate stock returns. However, there is no consensus whether the relationship is positive or negative. A large body of the literature has found a negative impact of oil prices on aggregate stock returns, i.e., an increase (decrease) in oil prices decreases (increases) stock prices (e.g. Jones and Kaul, 1996 , Sadorsky, 1999 , Kling, 1985 , Gjerde and Saettem, 1999 , Papapetrou, 2001 , Basher and Sadorsky, 2006 , Basher, Haug and Sadorsky, 2012 , Driesprong, Jacobsen and Maat, 2008 , Park and Ratti, 2008 , Chen, 2010 , Filis, 2010 . The proponents of a negative relationship suggest that higher oil prices increase the cost of production which would result in lower earnings and dividends and, hence reduces stock prices. In contrast, a few studies have documented a positive relationship (Narayan and Narayan, 2010 , Zhu, Li and Yu, 2011 , Zhu, Li and Li, 2014 , Silvapulle, Smyth, Zhang and Fenech, 2017 , Zhu, Guo, You and Xu, 2016 , Kilian and Park, 2009 ). 1 The explanation of a positive relationship is supported by the suggestion that rising oil prices can be interpreted as a positive signal by investors in a prospering economy (e.g. Kilian and Park, 2009, Kollias, Kyrtsou and Papadamou, 2013) . 2 Consequently, increase in oil prices would lead to higher stock prices and, hence overpricing that would be subsequently corrected once the fundamentals are revealed.
In another strand of the literature, Stambaugh, Yu and Yuan (2012) suggest that the primary form of mispricing is overpricing since based on Miller's (1977) argument short-sale 1 See Smyth and Narayan (2018) for an excellent review on the impact of oil prices on the stock market. 2 There are a few studies that found mixed or no relationship between oil prices and stock returns (e.g. Huang, Masulis and Stoll, 1996 , Cong, Wei, Jiao and Fan, 2008 , Apergis and Miller, 2009 , Miller and Ratti, 2009 restrictions limit rational investors ability to sell overpriced securities but not to buy underpriced securities. Stambaugh et al. (2012) show that all the 11 anomalies used in their paper are stronger following high sentiment where overpricing is more prevalent than underpricing suggesting that anomalies are driven by overpricing. Therefore, we contend that if the increase in oil prices is interpreted as a positive signal by investors or as a sign of the prospering economy, then anomalies should be stronger following an increase in oil prices since overpricing is more prevalent when investors are optimistic. Consequently, anomalies
should be weaker following a decline in oil prices where underpricing is more prevalent than overpricing.
In this paper, we examine the impact of oil prices on stock market anomalies in China. We focus on China due to three reasons. First, the positive impact of crude oil price on stock market is widely documented for Chinese stock markets (see for example, Zhu et al., 2016 , Zhang and Chen, 2011 , Li, Zhu and Yu, 2012 , whereas there is a scant evidence available on the positive impact of crude oil price on the U.S. and European stock markets.
Therefore, it is essential to examine whether the positive relationship between oil prices and stock returns leads to anomalous returns in China.
Second, oil imports have consistently increased in China since it first emerged as a net importer of crude oil in 1993 (e.g., Leung, 2011) . China became the largest consumer of crude oil in 2003 and largest crude oil importer in 2017. Consequently, as the largest oil importer and consumer, China is important in determining the global oil demand and price (see for details, Datta and Vigfusson, 2017, Hamilton, 2009) . Therefore, an increase in global oil prices could be an indication of rising oil consumption in China due to economic expansion which would be interpreted as a positive signal by Chinese investors.
Third, there is a little evidence available on stock market anomalies in China despite the fact that China is the second largest economy in the world and the Chinese stock market is the second largest in the world. The existing evidence on stock market anomalies in China suggests a weaker anomaly effect in Chinese stock markets relative to the U.S. stock markets (e.g. Chen, Kim, Yao and Yu, 2010, Jacobs, 2016) . Therefore, exploring the association between oil prices and anomaly returns in China will not only explain the impact of oil prices on the stock market but will also provide an out-of-sample test for the anomalies discovered in the U.S. market.
Following the literature (e.g. Stambaugh et al., 2012 , Lu, Stambaugh and Yuan, 2017 , Stambaugh, Yu and Yuan, 2015 , we chose 12 anomalies, namely, net stock issues, composite equity, accruals, net operating assets, momentum, gross profitability, asset growth, return on assets, investment to assets, maximum daily return, idiosyncratic risk, and low volatility. Furthermore, following Stambaugh et al. (2015) we construct a mispricing score based on the composite mispricing of all the 12 anomalies since a mispricing score is more likely to provide stronger evidence of mispricing than single anomalies. For each anomaly, we take a long (short) position in underpriced (overpriced) stocks. Thus, the return difference between the long and short position (long-short) shows the return predictability of each anomaly.
We find that six out of 12 anomalies produce positive and statistically significant equal-weighted (EW) long-short returns, and seven anomalies produce positive and significant Fama-French risk-adjusted alpha (alpha). The valued-weighted (VW) long-short returns are positive and significant only for three anomalies; however, alpha is positive and significant for six anomalies. The long-short returns of anomalies are consistent with Jacobs (2016) who show that the anomalies are weak in China relative to the U.S. and other developed markets. However, stocks sorted on mispricing score generates positive and significant long-short returns and alpha which shows that the mispricing is prevalent in the Chinese stock market. Most importantly, we find that anomalies are stronger following rising oil prices than falling oil prices that agree with our suggestion. Furthermore, we find that the long-short return sorted on mispricing score are positive and significant only following rising oil prices that support the suggestion that an increase in oil prices enhances investors'
expectations that results in overpriced stocks markets.
Our study adds two important contributions to the literature. First, to the best of our knowledge, we are the first to study the mispricing score of Stambaugh et al. (2015) in China.
Therefore, we complement the growing literature that shows that mispricing scores provide stronger evidence of mispricing than single anomalies (e.g. , Stambaugh et al., 2012 , Lu et al., 2017 , Stambaugh et al., 2015 . Second, our findings provide strong empirical support to the suggestion that rising oil prices are interpreted as a positive signal by investors in a prospering economy.
The rest of the paper is organised as follows. Section 2 describes our data and methods. Section 3 presents the baseline results. Section 4 examines the impact of oil returns on anomalies. Section 5 provides robustness tests, and the last section concludes the paper.
Methods and Data

Anomalies, Mispricing Score and Long-Short Strategies
This research analyses 12 anomalies and estimates a mispricing score based on the composite mispricing of all the 12 anomalies through time. Following Lu et al. (2017) , Stambaugh, Yu and Yuan (2014 , 2015 and Jacobs (2016), we consider the following 12 anomalies. 3 1. Net Stock Issues (Ritter, 1991, Loughran and Ritter, 1995) 2. Composite Equity , Daniel and Titman, 2006 3. Accruals (Dechow, Sloan and Sweeney, 1995, Sloan, 1996) 4. Net operating assets (Hirshleifer, Hou, Teoh and Zhang, 2004) 5. Momentum (Jegadeesh and Titman, 1993) 6. Gross profitability (Novy-Marx, 2013) 7. Asset growth (Cooper, Gulen and Schill, 2008) 8. Return on assets (Fama and French, 2006) 9. Investment to assets Xie, 2004, Xing, 2007) 10. Maximum daily return (Bali, Cakici and Whitelaw, 2011) 11. Idiosyncratic risk (Ang, Hodrick, Xing and Zhang, 2006) 12. Low volatility (Blitz and van Vliet, 2007) The detailed description of these anomalies is provided in Appendix A.
We estimate the daily and monthly stock returns, adjusted for dividends, from the stock return index (RI). For each anomaly, we sort stocks into quintiles and take long (short) position in underpriced (overpriced) stocks. 4 For example, for the net stock issues anomaly, we buy (sell) stocks with the lowest (highest) net stock issues.
Following Stambaugh et al. (2015) , we construct a mispricing score based on the composite mispricing of all the12 anomalies. The mispricing score provides two major benefits. First, the mispricing score diversifies away noise related to the individual anomalies.
Second, the mispricing score is more likely to provide stronger evidence of mispricing since it is based on the composite mispricing of all the 12 anomalies.
To construct the mispricing score, first, we rank stocks based on each anomaly where the lowest (highest) rank is assigned to the most underpriced (overpriced) stocks. Second, we standardise the ranks in each month t based on each individual anomaly to have a zero mean and unit variance. Third, we compute the mispricing score as the arithmetic average of its anomaly ranks. We require at least six individual anomalies to construct the mispricing for each month. 5 Fourth, we standardise the mispricing score to have zero mean and unit variance. Finally, we rank stocks into quintiles in each month t based on their mispricing score and buy (sell) stocks in the lowest (highest) quintile.
Apart from raw returns, we also calculate Fama-French risk-adjusted returns of the long-short return in each month t as
where RMRF is the excess value-weighted market return of A-shares over the 30-day interbank offer rate, SMB is the small-minus-big size factor, and HML is the high-minus-low book-to-market factor. 6 βm, βs and βh are the estimated loadings obtained from the time-series regression of the LS returns on the Fama-French (FF) risk factors plus a constant. The details for the construction of RMRF, SMB and HML factors are provided in Appendix C.
Data
The analysis requires data pertaining to oil prices, stock returns and macroeconomic variables. We collect monthly price data of Brent crude oil from U.S. Energy Information Administration Website. The data for macroeconomic variables are collected from CEIC database. 7 The stock data for companies listed in Shanghai and Shenzhen stock exchanges is collected from DataStream International. Following previous literature (e.g., Jacobs, 2016, 5 Our results remain unchanged if we construct the mispricing score based on at least three valid anomaly ranks as in Lu et al. (2017) . 6 We construct Fama-French monthly factors and provide the details in appendix A2. 7 The macroeconomic variables are growth of industrial production (IP), growth of money supply (MS2), 30-day inter-bank offer rate, foreign exchange rate (RMB/USD) and recession indicator.
Chui, Titman and Wei, 2010), we restrict our data to A-shares since A-shares account for 99.5% of total market capitalization; whereas, B-shares are small and illiquid stocks. The sample period is from May 1996 to December 2017, the largest period for which a credible set of data could be obtained.
Following the literature (e.g., Ince and Porter, 2006 , Karolyi, Lee and Van Dijk, 2012 , Lee, 2011 , we apply several screens to clean our data. The detailed screening process is provided in Appendix B.
Baseline Results
Anomaly Returns
First, we examine baseline mispricing results for each of the 12 anomalies and also for the mispricing score based on those 12 anomalies. Table 1 reports average monthly EW and VW returns and associated Newey-West adjusted t-statistics of long, short, long-short, and Fama-French three factors adjusted (alpha) long-short returns.
Panel A of Table 1 reports EW returns. 10 out of 12 anomalies produce positive longshort returns with six statistically significant at least at 10% level. However, the alphas of nine anomalies are positive with seven statistically significant. The long-short return and alpha of most of these anomalies are consistent with the literature. For example, alpha of net stock issues, composite equity, net operating assets, gross profitability, asset growth, and return on assets is consistent with Jacobs (2016). 8 The long-short return of the momentum strategy is similar to the ones reported in Chui et al. (2010) and Cheema and Nartea (2017) .
The long-short return of maximum daily return (MAX) anomaly and idiosyncratic risk (IV) anomaly is consistent with Wan (2018) . We find stronger evidence of mispricing once we rank stocks based on mispricing score. For example, we find a long-short return (alpha) at 0.75% (0.98%) per month for mispricing score which is statistically significant at 1% level.
Table 1 about here
Panel B of Table 1 shows VW returns. VW returns provide economically significant magnitudes since it gives higher weight to the large equities that are more liquid and have lower transaction costs. Furthermore, VW returns also alleviate the concern that anomalous returns of EW portfolios are due to the impact of small size stocks. The VW returns show that three (six) anomalies produce significant long-short returns (alpha). However, we still find strong evidence of mispricing based on mispricing score. The long-short return (alpha) of mispricing score is 0.52% (1.03%) per month and statistically significant at 10% (1%) level.
Overall, the results in Table 1 confirms the presence of anomalous returns in the Chinese market; however, it appears to be relatively weaker than the anomalous returns reported in the literature for the U.S. market (e.g., Stambaugh et al., 2012 . The weaker evidence of anomalous returns is considered as an indication of an efficient market; however, Chen et al. (2010) suggest that it is due to the long-lasting market inefficiency in China instead of the efficient market. They further argue that the persistent mispricing produces weaker anomalous returns in China since anomalous returns result from subsequent price correction; whereas, the Chinese market is seldom corrected.
Additional Mispricing Scores
In the previous section, we constructed a mispricing score based on the availability of at least six non-missing anomalies. As an additional test, we construct a mispricing score based on the availability of 7 to 12 non-missing anomalies and report results in Table 2 .
Table 2 about here
We find significant EW long-short returns at 0.69%, 0.64%, 0.65%, 0.67%, 0.64%, 0.62% per month for a mispricing score constructed with the availability of at least 7, 8, 9, 10, 11 and 12 anomalies, respectively. The respective EW alphas are also large and statistically significant. The VW returns for mispricing score constructed with the availability of at least 7 to 12 anomalies are also positive but statistically significant when constructed with the availability of at least 9 to 12 anomalies. However, all the VW alphas are large and statistically significant. In sum, these results confirm the presence of mispricing in Chinese stocks irrespective of the number of non-missing anomalies used to construct the mispricing score.
Alternative Mispricing Scores
In the previous sections, we included both IV and low volatility anomalies to construct a mispricing score. The IV anomaly focuses on unsystematic risk whereas low volatility is based on the total risk that includes both systematic and unsystematic risk. To alleviate the concern that inclusion of both IV and low volatility anomalies to construct mispricing score might enhance anomalous returns since both anomalies include unsystematic risk, we construct the mispricing score with the exclusion of low volatility anomaly.
9
Panel A of Table 3 reports the results of a mispricing score based on 11 anomalies with the availability of at least five non-missing anomalies to construct the mispricing score.
We find large and significant EW and VW long-short return and respective alphas that are similar to EW and VW long-short returns and alphas of mispricing score based on 12
anomalies reported in Table 1 .
Table 3 about here
Recall from Section 2.2 that we apply several screens to clean our data following the suggestions in the literature, and provide the details in Appendix B. One of the screens is the exclusion of stocks with the market capitalization below the 20th percentile at the portfolio formation date. The purpose of this screen is to reduce the impact of small size stocks on our sample. Cheema and Nartea (2014) find that the momentum anomaly is absent in small size stocks in China; whereas they find significant momentum returns for medium and large size stocks. Therefore, in this section we construct the mispricing score based on all the stocks to mitigate the concern that our results might be biased due to the exclusion of small size stocks where anomalous returns might be weaker than medium and large size stocks; hence, the inclusion of small size stocks might lower anomalous returns in China.
Panel B of Table 3 shows the EW and VW returns of mispricing score for all the stocks based on 12 anomalies with at least the availability of six non-missing anomalies to construct the mispricing score. We find EW long-short returns of 1.03% per month (t-stat = 6.27) that is larger than the 0.75% ((t-stat = 4.55) long-short return of mispricing score reported in Table 1 . The EW alpha of mispricing score at 1.23% per month (t-stat = 7.39) is also larger than then EW alpha at 0.98% (t-stat = 6.36) reported in Table 1 . The VW longshort returns and alpha of mispricing score are also similar to the VW long-short returns and alpha reported in Table 1 . Overall, our results show that the anomalous returns/mispricing in China is present both in small and large size stocks.
Impact of Oil Returns on Anomalies
Oil states and Anomalies
Recall from Section 3; our baseline results show the presence of anomalous returns/mispricing in China. However, anomalous returns appear to be relatively weaker than the anomalous returns reported for the U.S. market. Chen et al. (2010) suggest that the longlasting market inefficiency in China produces weaker anomalous returns since anomalous returns result from subsequent price correction; whereas, the Chinese market is seldom corrected. Therefore, we expect significant anomalous returns in China when the market is corrected. We hypothesize that Chinese market is corrected following rising oil prices since investors might associate an increase in oil prices with a boost in the economy. Consequently, an increase in oil prices would result in overpricing that would be subsequently corrected when the fundamentals are revealed. Therefore, to the extent, overpricing is the primary form of mispricing, we expect higher anomalous returns (long-short return) following an increase in oil prices (UP oil state) rather than following a decrease in oil prices (DN oil state).
At the beginning of each month t, we classify oil state as UP (DN) where Brent crude oil return is positive (negative) over t-12 to t-1 months. We compute the average monthly returns of 12 anomalies and their mispricing score for UP and DN oil states separately. Table   4 reports VW returns and associated Newey-West adjusted t-statistics of long, short, longshort, and Fama-French three factors adjusted (alpha) long-short returns.
10 Table 4 are consistent with our hypothesis that anomalies are stronger following rising oil prices than falling oil prices.
Oil State as a Continuous Variable and Anomalies
In this section, we examine the relation between the lagged oil returns and the longshort return of anomalies. More specifically, we are interested whether long-short returns increases monotonically with the lagged market returns or not, instead of just examing longshort returns based on binary UP and DN oil state as in Section 4.1.
Table 5 about here
To examine the monotonic relation between the lagged oil returns and long-short return, we regress long-short returns of each anomaly and the mispricing score on lagged 12-month oil returns and the square of lagged 12-month oil returns. We regress on the square of lagged 12-month oil returns to examine the non-linearity between the lagged oil returns and 11 Chen, Cheng and Demirer (2017) report significant industry momentum profits (losses) following UP (DN) oil state. We also find significant momentum profits (losses) following UP (DN) oil state. However, Chen et al. (2017) form momentum portfolios based on industry returns whereas we form traditional momentum portfolios, i.e., based on stock returns.
long-short return. Our results in Table 5 show that the long-short return of ten anomalies is positively related to lagged oil returns, with the long-short return of seven anomalies statistically significant at least at 5% level. Most importantly, we find that the slope of mispricing score on lagged oil returns is 2.95 (t-stat = 2.42) which indicates that one standard deviation increase in lagged oil returns is associated with 2.95% per month of additional long-short returns. These results confirm our findings in Table 4 that long-short return of anomalies is high (low) when lagged oil returns are high (low). Furthermore, the coefficient of the square of lagged oil returns is insignificant for ten anomalies and also for mispricing score based on all the anomalies, indicating a linear relationship between long-short returns and lagged oil returns.
Table 6 about here
As an additional test, we allocate long-short returns into terciles based on the 12-month lagged oil returns and report the results in Table 6 . We expect larger long-short returns for the high lagged oil return tercile if there is a linear relationship between long-short returns and lagged oil returns. Consistent with our expectations, we find positive and significant long-short returns for six anomalies for the high oil tercile whereas only the IV (momentum)
anomaly has positive and significant long-short returns for the low (medium IV) oil tercile.
Most importantly, we find large and significant long-short returns for the mispricing score at 1.41% per month (t-stat = 3.17) for the high oil tercile whereas long-short returns for the low and medium oil tercile are insignificant. These results confirm our results in Table 4 and show that long-short returns of anomalies are stronger following UP oil state. Overall, the results in Tables 5 and 6 provide strong support for our hypothesis that anomalies are stronger following rising oil prices than falling oil prices.
Robustness Tests: Alternative Definitions of Oil states and Mispricing
Score
Until now, we define oil state based on lagged 12-month oil returns. In this section, we examine whether our results remain robust once we use alternative definitions of the oil state.
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Panel A of Table 7 reports the VW returns based on the lagged 6-month oil state. We find that that the long-short return and alpha of the mispricing score is large and significant following UP oil state, whereas insignificant following DN oil state. Furthermore, the difference in long-short return between UP and DN oil state is large and statistically significant.
Table 7 about here
Panel B of Table 7 reports the VW returns based on the lagged 24-month oil state. We find large and significant long-short return following UP oil state and insignificant long-short return following DN oil state. However, alphas are statistically significant following both UP and DN oil state. On balance, results in Panels A and B show that long-short return is large and significant only following UP oil state. However, we find that that the oil state based on recent oil returns (lagged 6-and 12-month) better explains mispricing in China. It could be due to the fact that investor's expectations are driven more by recent returns than distant ones (e.g. Greenwood and Shleifer, 2014) .
12 For robustness tests, we only focus on the mispricing score.
The investors might associate increase in oil prices (high oil returns) with a boost in the economy. Therefore, we remove the macroeconomic related variation from oil returns by regressing oil returns on five macroeconomic variables, the growth of industrial production (IP), growth of money supply (MS2), 30-day inter-bank offer rate, recession indicator and foreign exchange rate (RMB/USD). Consequently, if the anomalous returns are due to behavioral biases, i.e., investor's optimism, then we expect large and significant long-short return only following UP oil state based on orthogonalized oil returns.
Panel C of Table 7 reports the VW returns based on the lagged 12-month orthogonalized oil state. We find large and significant long-short return following UP oil state, whereas an insignificant long-short return following DN oil state. However, alphas are statistically significant following both UP and DN oil state. Most importantly, we find that the difference in long-short return between UP and DN oil state is positive and significant, indicating that long-short return following UP oil state is significantly higher than following DN oil state. These results provide further support to our hypothesis that anomalous returns are related to overpricing due to increase in oil prices, and macroeconomic variables cannot explain anomalous returns in China.
As an additional test, we construct a mispricing score based on 11 anomalies (with the exclusion of low volatility anomaly) with the availability of at least five non-missing anomaly variables. 13 Panel D of Table 7 reports the VW returns based on the lagged 12-month oil state. Similar to our results in Table 4 , we find large and significant long-short return of mispricing score following UP oil state, whereas insignificant long-short return following DN oil state. Furthermore, the difference in long-short return between UP and DN oil state is significant at 1.19% per month. Overall, the robustness results are consistent with our hypothesis that anomalous returns are stronger following rising oil prices than falling oil prices.
Conclusion
In this paper, we answer two questions: (1) do stock market anomalies exist in China?
(2) Is there any relationship between oil prices and stock market anomalies? Regarding question (1), we find weak evidence of anomalies in China that is consistent with the literature (e.g. . However, we find strong evidence of mispricing once we construct a mispricing score based on the composite score of all the anomalies used in our paper. This provides support from the largest emerging market to the growing literature that shows that mispricing scores provides stronger evidence of mispricing than single anomalies. Regarding question (2), we find that the stock market anomalies are stronger following rising oil prices than falling oil prices. The findings with regard to question (2) provide strong support for the suggestion that rising oil prices are interpreted as a positive signal by investors, and, hence result in overpricing.
Our study has a few limitations. First, we do not provide complete explanations for each of the anomalies examined in our paper since our aim is to explore the possibility that oil prices play an important role in mispricing that results in higher anomalous returns.
Therefore, we leave it to future research to explain the individual anomalies in detail in
China. Second, we suggest caution in generalizing our findings to the other markets since the relationship between oil prices and stock market anomalies depend on investors'
interpretation of the impact of the changes in oil prices on the economy. However, we suggest that investors interpret the increase in oil prices as a positive signal in expanding economies such as China. assets -short and long-term debt (WC03255) -minority interest (WC03426) -preferred stock and common equity (WC03995). We match accounting data of year t-1 with stock returns from July of year t until June of year t+1.
Gross Profitability: Novy-Marx (2013) show that profitability positively predicts returns.
We define gross profitability as (revenue minus cost of goods sold (WC01100) / total assets (WC02999)). We match accounting data of year t-1 with stock returns from July of year t until June of year t+1.
Asset Growth: Cooper et al. (2008) show that total assets negatively predicts returns. We measure asset growth as the change in total assets of the previous fiscal year. We match accounting data of year t-1 with stock returns from July of year t until June of year t+1.
Return on Assets: Fama and French (2006) show that return on assets (WC08326) positively predicts returns. We match accounting data of year t-1 with stock returns from July of year t until June of year t+1. Titman et al. (2004) and Xing (2007) find that scaled capital investments negatively predict returns. We compute investment-to-assets as (annual change in gross property, plant, and equipment (WC02301) + annual change in inventories (WC02101) / one year lagged total assets. We match accounting data of year t-1 with stock returns from July of year t until June of year t+1.
Investment to Assets:
Maximum daily return anomaly: Bali et al. (2011) show that stocks with the highest maximum daily returns underperform stocks with the lowest maximum daily returns in the subsequent month. At the beginning of each month t, we sort portfolios based on the maximum daily returns over the previous month, i.e., t-1 month.
Idiosyncratic risk anomaly: Ang et al. (2006) show that stocks with highest idiosyncratic volatility underperform stocks with the lowest idiosyncratic volatility in the subsequent month. At the beginning of each month t, we measure idiosyncratic risk as the standard deviation of the residual obtained from regressing a stock's excess return on Fama-French three risk factors over the past 36 months where at least 30 valid monthly returns are available. As a robustness check, we measure idiosyncratic risk based on market model and also daily data over the past 12 months and find same results.
Low volatility anomaly: Blitz and van Vliet (2007) and Baker, Bradley and Wurgler (2011) show that stocks with high volatility underperform stocks with the low volatility. At the beginning of each month t, we measure volatility as the standard deviation of monthly returns over the past 36 months where at least 30 valid monthly returns are available.
